Abstract: Accurate and timely detection of insulator flashover on power transmission lines is of paramount importance to power utilities. Most available solutions mainly focus on the exploitation of the flashover mechanism or the discharge area detection, rather than the identification of a damaged area due to flashovers using captured aerial images. To this end, this paper proposes a multi-saliency aggregation-based porcelain insulator flashover fault detection approach. The target area of the insulator is determined using the Faster-Pixelwise Image Saliency by Aggregating (F-PISA) algorithm based on the color and structural features. The color model can be established based on the color feature of the damaged areas on the insulator surface, and hence the damaged area can be identified. Based on the information obtained above, the contour information can be extracted. With the preceding process, the fault location can be confirmed with a good accuracy. The performance of the proposed detection approach is assessed through a comparative study with other available solutions. The numerical result demonstrates that the suggested solution can detect the insulator flashover with improved performance in terms of the average detection rate and average efficient detection rate. Additional analysis is carried out to evaluate its robustness and real-time performance, which confirms its deployment feasibility in practice.
Introduction
As one of the electrical insulation and mechanical support components of electric power transmission lines, the insulators are of great importance to ensure the reliable and safe operation of electric power systems. However, the insulators are considered fault-prone due to the fact that a large number of overhead transmission lines are located in the wilderness, and the line corridor passes through a variety of climate zones with the insulators exposed to harsh weather conditions. In particular, flashover (an electric discharge over or around the surface of an insulator) often occurs. The flashover can directly affect the performance of insulators, and hence can cause significant power loss, or even lead to power blackout spanning over a large geographical area. Based on such recognition, the characteristics of insulator flashover need to be better understood, and the accurate detection of flashovers on insulators needs to be appropriately addressed to effectively reduce the operational risks of power system assets [1] [2] [3] .
Insulator flashover is generally considered a normal fault form in power transmission infrastructure. Upon the occurrence of flashover, the insulator voltage across the electrodes drops rapidly to zero or nearly zero. The spark or electric arc in the flashover channel causes the partial overheating of the insulation surface, and further leads to carbonization, decoloration, tracking, and damages to the surface of insulators. As a result, safe power transmission cannot be guaranteed if the damaged areas of insulators cannot be detected and replaced in a timely manner [4, 5] . However, the accurate and timely detection and location of flashover faults on insulators is non-trivial. In recent years, much research effort has been made to address the challenge of insulator flashover detection from different aspects. Currently, the available solutions and analysis of insulator flashover fault are mainly focused on the area of flashover mechanism and discharge detection, and few studies have been carried out for insulator flashover detection based on visual aerial images. In [6] [7] [8] [9] , the feature extraction of the discharge area using ultraviolet images and the corona ultraviolet image segmentation were exploited. However, this solution was observed with an unsatisfactory performance under certain conditions due to a limited hardware processing capability. In [10, 11] ,the authors adopted the Russian Film-6 ultraviolet imager to capture the insulator flashover images, which provided an intuitive benchmark for the analysis of insulator flashover phenomenal characteristics. In [12] , the insulator flashover image was processed by the use of morphology and the discharge channel could be extracted, but the detection method of insulator flashover fault was not explicitly addressed. In [13] , three types of fault detection methods, i.e., the ultraviolet image-based method, infrared image-based method, and the electric field method, for insulator flashover detection were evaluated and analyzed. The result from this study indicated that the detection method based on ultraviolet images can efficiently identify the fault introduced by the discharge of composite insulators; the infrared images can be used to detect the heat fault, but can hardly identify the short-term insulation flashover faults; and finally, the electric field method can detect serious short-circuit faults on the insulators well, but cannot accurately locate the damaged area.
To the authors' best knowledge, few studies have been carried out on the detection of surface damage of insulators due to flashovers, e.g., leakage tracking and enamel flaking. To this end, this paper exploited a fault detection method for the flashover of outdoor porcelain insulators using a multi-saliency aggregation technique based on aerial images. The idea behind the proposed solution is depicted in Figure 1 . The main technical contributions made in this work can be summarized as follows: (1) this paper presents a multi-saliency aggregation-based algorithmic solution for insulator flashover fault detection using aerial insulator images; and (2) the robustness performance, as well as the real-time performance, of the proposed fault detection solution are further assessed in this study. The rest of the paper is organized as follows: Section 2 presents the insulator target detection based on the F-PISA algorithm proposed flashover fault detection approach based on the aerial images of insulators; Section 3 exploits the fault location of insulator flashover based on the saliency of color feature; in Section 4, the proposed flashover fault detection algorithmic solution is evaluated through a set of experiments and the numerical results are presented and discussed in detail, and the robustness and real-time performance of the fault detection are also further studied; finally, conclusive remarks are given in Section 5.
Energies 2018, 11, x FOR PEER REVIEW 2 of 12 overheating of the insulation surface, and further leads to carbonization, decoloration, tracking, and damages to the surface of insulators. As a result, safe power transmission cannot be guaranteed if the damaged areas of insulators cannot be detected and replaced in a timely manner [4, 5] . However, the accurate and timely detection and location of flashover faults on insulators is non-trivial. In recent years, much research effort has been made to address the challenge of insulator flashover detection from different aspects. Currently, the available solutions and analysis of insulator flashover fault are mainly focused on the area of flashover mechanism and discharge detection, and few studies have been carried out for insulator flashover detection based on visual aerial images. In [6] [7] [8] [9] , the feature extraction of the discharge area using ultraviolet images and the corona ultraviolet image segmentation were exploited. However, this solution was observed with an unsatisfactory performance under certain conditions due to a limited hardware processing capability. In [10, 11] ,the authors adopted the Russian Film-6 ultraviolet imager to capture the insulator flashover images, which provided an intuitive benchmark for the analysis of insulator flashover phenomenal characteristics. In [12] , the insulator flashover image was processed by the use of morphology and the discharge channel could be extracted, but the detection method of insulator flashover fault was not explicitly addressed. In [13] , three types of fault detection methods, i.e., the ultraviolet imagebased method, infrared image-based method, and the electric field method, for insulator flashover detection were evaluated and analyzed. The result from this study indicated that the detection method based on ultraviolet images can efficiently identify the fault introduced by the discharge of composite insulators; the infrared images can be used to detect the heat fault, but can hardly identify the short-term insulation flashover faults; and finally, the electric field method can detect serious short-circuit faults on the insulators well, but cannot accurately locate the damaged area.
To the authors' best knowledge, few studies have been carried out on the detection of surface damage of insulators due to flashovers, e.g., leakage tracking and enamel flaking. To this end, this paper exploited a fault detection method for the flashover of outdoor porcelain insulators using a multi-saliency aggregation technique based on aerial images. The idea behind the proposed solution is depicted in Figure 1 . The main technical contributions made in this work can be summarized as follows: (1) this paper presents a multi-saliency aggregation-based algorithmic solution for insulator flashover fault detection using aerial insulator images; and (2) the robustness performance, as well as the real-time performance, of the proposed fault detection solution are further assessed in this study. The rest of the paper is organized as follows: Section 2 presents the insulator target detection based on the F-PISA algorithm proposed flashover fault detection approach based on the aerial images of insulators; Section 3 exploits the fault location of insulator flashover based on the saliency of color feature; in Section 4, the proposed flashover fault detection algorithmic solution is evaluated through a set of experiments and the numerical results are presented and discussed in detail, and the robustness and real-time performance of the fault detection are also further studied; finally, conclusive remarks are given in Section 5. 
Insulator Target Detection Based on F-PISA Algorithm

F-PISA Algorithm
It is well-known that the saliency of a region in an image depends on the difference between its own characteristics and the surrounding environment. Thus, the faster pixelwise image saliency aggregating (F-PISA) detection algorithm [14] based on the fusion of color feature and structure feature is firstly adopted to determine the target area of insulators.
Based on the saliency knowledge of color and structure, as well as the spatial prior knowledge, the PISA algorithm can accurately process the saliency detection for the whole image (each pixel) through the use of the aggregating complementary method. However, the computational complexity introduced by such a process can be prohibitive, and even unfeasible, in practice. Based on such recognition, the F-PISA algorithm is used to process the sampled image instead of the overall image to accelerate the image processing, and hence improve the real-time performance of fault detection. Firstly, a gradient-driven subsampling for the input image I is performed. A 3 × 3 pixels rectangular patch is used as the sampling unit, and the pixels with the largest gradient magnitude on the regular image grid are selected to form the sparse image matrix I l . For matrix I l , the saliency value of the structure contrast is defined and calculated to construct the color-based saliency model. The saliencies of the image can be detected from two different aspects, i.e., color feature and structure feature, which can be integrated to obtain the initial sparse saliency image S l of the sparse image I l . In order to obtain the full size saliency image S, propagating the saliency values between pixels is performed in the regions of a similar appearance and the same cross support. The initial sparse saliency image S l is expressed by the following equation:
where S l is the initial sparse saliency image, p is the pixel, and U c (p) is the saliency value based on the color features. U g (p) is the saliency value based on the structure feature, while D c (p) and D g (p) are the spatial prior knowledge based on the color and structure features, respectively. The full size saliency image S is described by the following equation:
where S(q) is the saliency value of the image; q is the pixel; m is the total number of pixels; and α qp i is the high weight to support pixels with a shorter spatial distance to pixel q for p i ∈ I l , the cross support region, defined as q ∈ Ω p i .
Color Feature of Target
As one of the most widely used visual features in image retrieval, color feature is closely related to the objects or scenes contained in the image [15] . Compared with other visual features, e.g., size, direction, and view angle, it is considered that less dependence exists among different color features, which implies that better robustness can be achieved.
In [16] , an efficient region detection method based on global color contrast was proposed. In the method, through extracting the nonparametric color distribution from the local adaptive uniform region, the color contrast can be obtained. In order to obtain a better-proportioned color distribution, the Lab color space is used to quantify the H component of the image into 12 levels. Through a local observation window W P , the color histogram h c (p) of each pixel P can be obtained. Then, the pixels with similar color histograms are grouped into the same clusters by using the K-means clustering algorithm. The color feature space of the entire input image is divided into K c clusters as
where ϕ p represents the cluster to which the pixel P belongs. The saliency value of the pixel P based on the color feature can be obtained as:
where ω i represents the weight of the cluster relative to the other clusters in terms of color contrast and the value is the number of pixels in cluster ϕ i , h c (ϕ i ) is the average color histogram for cluster ϕ i , and h c (ϕ p ) is the average color histogram for cluster ϕ p .
Structure Feature of Target
In practice, only using the color saliency feature does not permit researchers to detect the object from the image background effectively. In this work, a saliency based on the structure feature which can be obtained by modeling the gradient direction, as well as gradient values of the pixels in the image [17, 18] , is adopted. Similar to the color contrast method, the structural feature is quantized into eight levels according to the pixel histogram of the image gradient distribution, and the gradient histogram h g (p) of each pixel P can be obtained through a local observation window W p . The K-means clustering algorithm is utilized to divide the structure feature space of the image into K g clusters as ϕ 1 , . . . , ϕ K g . Hence, the saliency value of the pixel P based on the structural feature can be described as:
where ω i represents the weight of the cluster relative to other clusters in terms of structural contrast, and the value is the number of pixels in cluster ϕ i . h g (ϕ i ) is the average gradient histogram for cluster ϕ i , while h g (ϕ p ) is the average gradient histogram for cluster ϕ p .
Generation of Final Saliency Image
With the obtained saliency values of U c (p) and U g (p) based on the color and structural features in place, these two saliencies can be integrated to produce the final saliency test result by the use of the F-PISA algorithm, as illustrated in Figure 2 .
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Hence, the saliency value of the pixel P based on the structural feature can be described as: The F-PISA algorithm can provide improved performance to remove the interferences from the complex background and highlight the target area compared with conventional saliency detection The F-PISA algorithm can provide improved performance to remove the interferences from the complex background and highlight the target area compared with conventional saliency detection algorithms. Figure 3 compares the result obtained from the F-PISA algorithm against FT (frequency-tuned), AC (achanta), HC (histogram-based contrast), and LC (luminance Contrast) algorithms. [19] ; (c) AC algorithm [20] ; (d) HC algorithm [21] ; (e) LC algorithm [22] ; and (f) F-PISA algorithm.
Morphological Processing
Based on the obtained saliency image of the insulator, an appropriate threshold needs to be selected for the binary segmentation of the saliency image to highlight the contour of the insulator. Here, to clearly identify the target area of the insulator, the open operation of morphology is adopted to eliminate the isolated points adjacent to the target region, and median filtering is also carried out to eliminate the isolated noise and smooth the image, as illustrated in Figure 4 . 
Determination of Target Area
In this subsection, the determination of the target area is introduced. The connected domain preserved after morphological processing and filtering can be taken as the target region. Then, tilt correction needs to be carried out so as to frame the target area and make preparations for acquiring the damaged part of the insulator.
The key steps of determination of the target area are given as follows: firstly, the tilt correction is applied to the aerial images to obtain the rotation angle; then, the connected domain of the rotated image is marked and the coordinates of the two points of the smallest circumscribed rectangle of the connected domain are obtained; finally, the connected domain is further filtered to remove the interference of the small area which belongs to non-insulator parts of the connected domain and the final target area on the rotated image can be framed and identified. The target area of the insulator can thus be identified, as shown in Figure 5 . [19] ; (c) AC algorithm [20] ; (d) HC algorithm [21] ; (e) LC algorithm [22] ; and (f) F-PISA algorithm.
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Location of Insulator Flashover Based on Saliency of Color Feature
In reality, most insulator flashovers occur on the porcelain insulators, whose surface may strip off, and as a result some spots and burning marks and porcelain glaze may emerge. Through examining the obtained insulator flashover images, it can be found that there exists a significant color difference between the damaged insulators (or areas) and the normal ones. Therefore, a color model can be established for the framed target area to differentiate the damaged areas from the normal insulators.
Color Determination
Here, the detailed process of color determination is introduced. Firstly, the original image of the insulator after tilt correction is processed with gray scale. The flashover position can be distinguished from other parts, as shown in Figure 5 . By analyzing the color distribution, the rule of color judgment can be concluded and the formula is given in Equation (5):
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where i and j are the pixel coordinates of the gray scale graph.
The color determination is performed on the target area according to the above color judgment. If the judgment holds, the area is determined to be the damaged area, and the pixel value here is set to the maximum of 255; otherwise, it is set to 0. In order to avoid the influence of isolated noise, the median filter is adopted to process the image after color determination. Taking a damaged insulator image as an example, the results after color determination are demonstrated in Figure 6 . 
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Detection of Fault and Location of Damaged Area
After color determination and filtering, the damaged parts of the insulator chip caused by flashover are highlighted. In order to clearly indicate the location of the fault in the original image, we extracted the contour of the connected domain and displayed it in the original image, which can accurately locate the fault site in the original image (i.e., the selected part of the insulator highlighted in blue). The identified flashover fault location is illustrated in Figure 7 . 
Experimental Results and Performance Analysis
Experimental Results
In this work, most of the aerial images are captured by unmanned aerial vehicle (UAV) systems (SR-100, State Grid Hebei Electric Power Supply Co., Ltd. Maintenance Company, Shijiazhuang, China) under complex backgrounds, so the image under experiment in this subsection is the one collected by the UAV system. The testing environments include the Windows 7 operating system and Microsoft Visual Studio 2010. The main frequency of CPU is 2.50 GHz, and the memory is 4.00 GB. Figure 8 presents the experimental result of the proposed solution for individual steps. The subfigures from left to right are the original image obtained by the aerial target area, saliency image after insulator target detection, image after morphology and filtering processing, saliency image of flashover location after color determination and filtering, and final obtained image after contour extraction, respectively. 
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Robustness Analysis
Insulators with Indistinct Fault Features
In practice, in the case that the aerial images are captured from a long distance, the boundary between the damaged part and the normal part of the insulator may be not obvious. Also, the damaged area on insulators may be relatively small, so it is difficult to identify the location of the damaged parts, which may lead to a false detection. Through the adoption of the proposed algorithmic solution, the flashover faults in the above two cases can be accurately located, which demonstrates the strong robustness of the fault detection algorithm with insulator images of different shooting angles. The performance in terms of robustness is demonstrated in Figure 9 . 
Aerial Images with Different Shooting Distances
The aerial images captured by aerial vehicles can be collected with different shooting distances, and hence the robustness of the proposed solution needs to be further evaluated. The performance results are presented in Figure 10 , which confirms that the proposed solution can accurately identify the flashover faults for both close-up shot images and the long-range shot images. 
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(a) (b) Figure 9 . Test results in two cases: (a) detection results with an indistinct and small damaged area of the insulator; (b) detection results with no obvious demarcation between the damaged part and the normal part.
Aerial Images with Different Shooting Distances
The aerial images captured by aerial vehicles can be collected with different shooting distances, and hence the robustness of the proposed solution needs to be further evaluated. The performance results are presented in Figure 10 , which confirms that the proposed solution can accurately identify 
Performance Comparison against the Edge Contour Algorithm
The proposed method is compared with the algorithm which simply uses the edge contour to detect and locate the damaged position. Due to the interference of complex backgrounds, the edge of the damaged parts detected by the simple edge detection algorithm is not sufficiently clear, and there exist a large number of false detected areas, as can be seen in Figure 11a . Based on the proposed solution, the extracted edge contour is much clearer with less false detected areas, as illustrated in Figure 11b .
From the aforementioned performance evaluation, it can be observed from the result that the proposed algorithm can perform well in identifying the flashover faults with sufficient robustness based on the obtained aerial images of electric power transmission lines under different conditions. 
Real-Time Performance Assessment
Now, the real-time performance of the proposed detection solution is further assessed. In this work, the performance is evaluated and analyzed through the detection of 100 insulator flashover images, each of which contains more than one flashover fault. The time consumptions of flashover fault detection are counted, and then the average time-consumption is calculated to analyze the efficiency of the algorithm. The statistics of the number of flashover faults and damaged parts are processed and the detection rate is calculated, as described by Equation (6) . Finally, the efficient detection rate can be calculated, as expressed by Equation (7).
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where Q J is the detection rate, Q Z is the efficient detection rate, N is the total number of samples, n is the number of samples that can be detected, and m is the number of samples of which the damaged parts can be correctly located. The performance of the proposed algorithmic solution is evaluated by using the edge contour algorithm as the comparative benchmark. The edge contour algorithm uses the edge contour to detect and orientate the damaged part of flashover. The comparative study is carried out in a number of performance metrics, including the average detection time for each image, average detection time for each flashover, detection rate, and effective detection rate. Table 1 presents the numerical results and indicates that the average time spent by the proposed algorithm is relatively short; and the detection rate and efficient detection rate are higher compared to that of the edge contour algorithm. 
Conclusions and Future Work
This paper presented a novel and efficient algorithmic solution of flashover fault detection for a porcelain insulator based on a saliency and morphology technique. From this study, a number of insights can be obtained and summarized as follows:
• Strong robustness. The proposed algorithmic solution can accurately identify the flashover faults based on the aerial images captured with different shooting distances and angles.
• Good detection accuracy. The flashover fault can be accurately detected even when the boundary between the damaged part and the normal part is not obvious, or the area between the insulator and the partially damaged area is small. The average detection rate can reach up to 92% and the efficient detection rate of the fault location can reach up to 85%.
•
Good real-time performance. No complicated calculation is needed by the proposed algorithm, and only the multi-saliency algorithm and the simple mathematical morphology algorithm are used, which ensures the detection effectiveness and minimizes the calculation time at the same time. In addition, the proposed method opens up the possibility of real-time detection for future applications.
The proposed solution can successfully meet the requirement of timely and accurate identification of flashover faults on transmission lines using unmanned aerial vehicles. It is noted that the solution proposed in this paper is only able to detect the flashover fault for porcelain insulators, and the flashover fault detection of glass and RTV/polymeric insulators remains to be further studied.
With respect to future work, a number of research directions are considered worthy of further research exploitation. Firstly, the integration of various significant features, especially the integration of different structural features, needs to be further exploited in the case that the color features are not obvious. Due to the fact that the internal faults of insulators (e.g., short circuit) can be hardly detected using the proposed solution, the exploitation of integrating more advanced techniques are required. Moreover, the detection performance of the proposed algorithmic solution using the saliency feature extraction technique needs to be further validated through more extensive field experiments considering different conditions, e.g., air pollution and bird streamers.
